Abstract. Most of the compressed sensing for multi-view videos always works on non-adaptive linear projections, and the ratio of compressive sampling is usually determined empirically. Consequently, the quality of reconstruction frames is always affected and limited. The paper is therefore proposed a method on the derivation of adaptive ratio for the compressive sensing of video frame. First of all, the block-based compressed sensing (BCS) with conventional selection for compressive measurements was reviewed. Then an estimation method for the sparsity of multi-view video frames was proposed with the two dimensional sparse transform (2DST). With an energy threshold determined beforehand, the DST coefficients were normalized and sorted by the descending order, and the sparsity of the multi-view video can be achieved by calculating the proportion of dominant coefficients. And finally, the simulation result shows that, the method can estimate the sparsity of a video frame effectively, and provides a basis for the selection of compressive measurement. The result also shows that the method can ensure the reconstruction quality of multi-view videos.
Introduction
Conventional signal sampling works based on the Nyquist or Shannon sampling theorem [1] , in which only the sampling frequency is greater than or equal to twice the maximum signal frequency, the sampled one can be reconstructed accurately without aliasing. For the current applications such as nuclear magnetic resonance imaging, ultra wide bandwidth (UWB) communications, wireless sensor networks, radar imaging and multi-view videos, the bandwidth of those signals to be sampled is increased greatly. As a result, the demand for the storage space, transmission speed and processing capability of processor is becoming higher and higher. In order to alleviate the pressure on the storage space and transmission speed, the conventional solution is to compress the signal after the discrete sampling of the signal. However, a large amount of sampled data is discarded in the process of compression coding, which results in serious waste of resources. The compressed sensing (CS), developed in recent years, shows that the sparse signal can be sampled with the sub-Nyquist sampling frequency and reconstructed the original by the nonlinear optimization method [2] . The CS theory realizes the signal compression acquisition and accurate reconstruction, effectively reducing the storage requirements, computing costs, transmission bandwidth and sampling points for low-power sensor networks, wireless video surveillance and mobile network video communications applications field.
However, the research on CS applies the non-adaptive linear projection [3] . It is assumed that the image has a constant sparsity and an equal number of CS measurements are performed with a fixed measurement matrix. In practice, video frames images of different field scenes often imply different sparsity. It is well known that, sparsity is a prerequisite for accurate reconstruction of the original signal, which determines the number of CS measurements. If the sparsity of the object to be observed becomes worse, more projections should be required for accurate reconstruction, otherwise the reconstruction may fail. Therefore, non-adaptive CS sampling may affect the reconstruction accuracy of the frames of multi-view videos.
For better performance of multi-view video decoding, researchers have focused on adaptive compressed sampling. For example, the Bayesian CS is proposed on the optimal measurement matrix [4] . Although it is possible to achieve the optimal adaptive measurement, but it requires complicated iterative process to calculate the optimal measurement matrix and is too time-consuming to be used in real-time application. Secondly, the statistical models such as the adaptive sensing method based on the Laplace prior model, the local Markov decision-making model, Gaussian mixture model and AR model are given to adaptively approximate the sparsity of signals [5] . However, it is unclear whether the model approximation for video frames are reasonable or not. In addition, the non-uniform BCS with variable sampling rates for different block regions is developed to improve the performance of video frame reconstruction [3] . However, in practice, it is difficult to compress different blocks in a scene with variable sampling rates. In short, Bayesian CS, model approximation and block adaptive sampling can not be used for real-time applications of multi-view video. The CS theory have shown that the number of measurements should be higher than the multiples of the sparsity coefficient [2] . If the sparsity character of the field scene is provided, the number of measurements may be adjusted accordingly for adaptive sensing of multi-view videos.
Focusing the problem mentioned above, we studied the sparsity-based CS method for multi-view videos in the work. Firstly, we described the realization method of block compression sensing, and proposed an algorithm to estimate the sparsity for the video frame quantitatively based on two-dimensional discrete cosine transform (DCT). Moreover, we given the simulation experiments and analysis for multi-view videos, and also arrived our conclusion finally.
Compressive Sensing
For an arbitrary frame of multi-view video, consider one as a vectorized image, (1), the number of linear projection for y is
For convenience, the compressed sampling rate can be defined as
Obviously, the projection is an ill-posed inverse problem. In order to reconstruct the multi-view video frame x , the measurement matrix and sparse basis should be satisfied with the restricted isometric property (RIP) condition [2] . Generally, the aforementioned CS projection uses a global sampling, which requires a significant amount of memory space for the storage of measurement matrix and represents a high computational cost for image reconstruction.
With the improvement of sensor resolutions, the computational cost in CS reconstruction by utilizing the global sampling is unacceptable. To increase computational efficiency, the image to be analyzed may be divided into many blocks with size of B B  -pixel and then sampled by an identical sampling operator [6] . Letting It is straightforward to note that BCS applied block-by-block to an image is equivalent to a constrained measurement with a block-diagonal matrix to the whole-image. As a result, the BCS-based techniques enable faster reconstruction, with much more decrement in the memory cost than those of the global sampling.
However, most of CS research focus on the non-adaptive linear projection, in which it is assumed that the video frames have a constant sparsity. In practice, video frames from variable scenes originates with different sparsity. It is well known that, sparsity is a prerequisite for accurate reconstruction, which determines the number of CS measurements. If the sparsity of the scene becomes worse, more projections should be required for accurate reconstruction. Therefore, non-adaptive CS sampling may affect the reconstruction quality of video frames.
Sparsity Analysis with Two Dimensional Transform
To improve the compression observation and obtain more appropriate measurement times, the sparsity coefficient of the scene to be sensed is required to be known. Here, the two-dimensional (2D) transform is employed here for analysing. For convenience, 2D discrete cosine transform (DCT) may be introduced for sparse representation. For an arbitrary multi-view video frame, the 2D-DCT is as follows
where i and j are coordinates in the spatial domain, u and v are coordinates in the transform domain, and coefficient ( ) c u is defined as
Obviously, 2D-DCT is a real transform with a kernel function of the cosine, and it is also the key of lossy image compression technology JPEG.
In general, the image is sparsely distributed in the 2D transform domain, in which a small part of coefficients concentrate its main energy, while most of the coefficients are zero or tend to zero. To calculate the sparsity of an arbitrary frame of multi-view video, it is necessary to count the proportion of the 2D transform coefficients accounting for the majority of the energy.
For a frame of the multi-view video with pixels of 768×1024, as shown in Fig.1a , the DCT coefficients are illustrated in Fig.1b , and the 50000 normalized coefficients with descending order are shown in Figure. 1c. For an energy threshold of 0.99, the points of effective energy is 13005, and the total number of pixels is 786432. Therefore, the sparseness of the multi-view video is 0.095. Of course, for the sparsity quantitative estimation problem, the choice of energy threshold parameter should be considered. Different thresholds correspond to different sparsities, usually between 0.95 and 1, but it can not be equal to 1. In addition, based on the equation (2), the number of compression observations can be expressed as
(b) (c) Figure. 1 The multi-view video of pig (a), its 2D-DCT coefficients (b), and 50000 coefficients
As mentioned before, the number of sparse points of the image that is, the number of dominant coefficients, it should be satisfied with equation (6) . If equation (6) does not stand for the value of K , it is unreasonable and there are two possible reasons. The possible reason is that the sparse characteristic of the sparse transform coefficients is not good. The second possible reason is that the parameters of the energy threshold are poorly selected and the number of observations is too high. Therefore, it is very important to choose the 2D sparse transformation, which also indicates that the measurement matrix and the sparse representation are the two key factors of CS.
Experiment Result
After estimating the sparsity parameter of the multi-view video, the number of compression measurements can be effectively determined for the sampling of CS by using equations (2) or (3), then the result of adaptive compressed sampling can be derived. Of course, the original multi-view frames can be achieved by image reconstruction algorithms. A number of methods including minimum total variance (min-TV) [7] , gradient projection sparse reconstruction (GPSR) [8] , iterative greedy algorithm [9] and iterative threshold projection (ITP) [3] have been discussed in the literatures for the CS reconstruction. In this paper, the ITP algorithm is used to reconstruct the multi-view videos.
For the multi-view video fames shown in Figures. 2a-2b , the adaptive BCS is examined according to sparsity estimation discussed before, in which the block size is 16 × 16. For the sake of comparison, the compression sampling rate is 0.05 and 0.15, respectively. The reconstructed images of ITP method is shown in Figs.2c-4d. For these three view-points, the peak signal-to-noise ratio (PSNR) is 27.5 dB, and 25.4 dB, and the structural similarity (SSIM) is 0.67 and 0.88 for subrate of 0.05, respectively. Figure. 2e-2f show the reconstructed results of multi-view video frames for sampling rates of 0.15, the PSNRs are 40.9 dB and 35.9 dB, and SSIMs are 0.99 and 0.98, respectively. For compression rates of 0.05 and 0.15, the PSNRs of the reconstruction are also different, and the PSNR increases nonlinear with the increment of the sampling rate. Therefore, in order to obtain better quality of reconstructed video frames, the compression sampling rate may be 2-2.5 times to the sparsity estimation for the sampling of adaptive CS. It should be noted, however, that the increment of PSNR is limited to 10 dB, and the increment of SSIM is 0.32, although the range of compression sampling rate raises 3 times.
The simulation results also show that the compressed samples are well reconstructed under the condition of satisfying the minimum sampling rate of sparse analyzing. Of course, the higher the sampling rate is, the better the reconstruction quality of multi-view video frame is.
Summary
Conventional compression sensing choose a sampling rate according to experience, and can not guarantee the quality of the reconstructed video frames. In this paper, an adaptive compression sampling based on sparsity analyzing is proposed. The video frame is represented sparsely with the 2D-DCT, and the sparsity of the video frame can be estimated effectively and quantitatively under the given energy threshold. The effective selection method of the number of compressed sensing observations is given, and the compression sampling is instructed to ensure the quality of the reconstructed multi-view videos. The simulation results show that the proposed method can effectively estimate the sparsity of the video frames and provides a favorable basis for the selection of the compressed sampling rate.
